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Abstract Many important crop species are out-
breeding. In outbreeding species the search for genes
affecting traits is complicated by the fact that in a
single cross up to four alleles may be present at each
locus. This paper is concerned with the search for
interacting quantitative trait loci (QTL) in popula-
tions which have been obtained by crossing a number
of parents. It will be assumed that the parents are
unrelated, but the methods can be extended easily to
allow a pedigree structure. The approach has two
goals: (1) finding QTL that are interacting with other
loci and also loci which behave additively; (2) finding
parents which segregate at two or more interacting
QTL. Large populations obtained by crossing these
parents can be used to study interactions in detail.
QTL analysis is carried out by means of regression on
predictions of QTL genotypes.
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Introduction
Genetic linkage maps based upon molecular genetic
markers in combination with the development of
powerful statistical techniques have greatly enhanced
the search for genes underlying traits that show
continuous variation. Commonly, such traits are
affected by environmental conditions and by genes
acting singly or in combination with other genes. The
effect of interaction between alleles at different loci is
known as epistasis. Currently, the development of
statistical methods for detecting interacting loci
receives much attention in the statistical genetic
literature. For example, Carlborg et al. (2000, 2004)
use a genetic algorithm, Du and Hoeschele (2000) use
Gibbs sampling, Jannink and Jansen (2001) use
maximum likelihood in a one-dimensional search
involving a diallel cross of pure lines, Boer et al.
(2002) use penalized regression and Yi et al. (2003)
use Bayesian methods. Much of the literature is
concerned with populations derived from pure lines;
see e.g. Cockerham and Zeng (1996), Kao and Zeng
(2002); Zeng et al. (2005) and Melchinger et al.
(2007).
Cheverud and Routman (1995) distinguish
between a physiological-genetic and a statistical-
genetic definition of epistasis. In physiological
genetics, epistasis means that genotypic values of
individuals with different genotypes at one locus
depend functionally on their genotypes at other loci.
In statistical genetics, epistasis simply means that
J. Jansen (&)  M. P. Boer  M. C. A. M. Bink
Biometris, Wageningen University and Research Centre,
P.O. Box 100, 6700 AC Wageningen, The Netherlands
e-mail: johannes.jansen@wur.nl
W. E. van de Weg
Plant Breeding, Wageningen University and Research
Centre, P.O. Box 16, 6700 AA Wageningen,
The Netherlands
123
Euphytica (2009) 166:131–144
DOI 10.1007/s10681-008-9849-4
deviations from additivity are present in the popula-
tion under study. As a consequence, even if
physiological-genetic or functional epistasis is pres-
ent, the actual appearance of statistical-genetic
epistasis in a population depends on the segregation
types of the parents of that population with regard to
the interacting loci. Alvarez-Castro and Carlborg
(2007) provide a formal relationship between statis-
tical genetic models for epistasis and functional
models for epistasis in different populations in the
case of two alleles.
In this paper, we consider a number of populations
of an outbreeding species, which have been obtained
by crossing a number of parents. At this stage, it will
be assumed that the parents are unrelated individuals.
The mating design may be considered as an incom-
plete diallel cross. At the time molecular genetic
markers were still unavailable, a population mean
was written as a grand mean plus the sum of the
average performances of the parents involved plus a
deviation term. The average performances were
called general combining abilities (GCA). The devi-
ation term was called specific combining ability
(SCA) (cf. Bulmer 1985). The presence of statisti-
cally significant specific combining abilities is an
indication of the presence of non-additivity. How-
ever, this form of analysis provides no further
information about the origin of the non-additivity:
is it caused by dominance (also known as intra-locus
interaction) or by interacting genes? Of course, no
indication of the positions of the genes could be
given.
Jannink and Jansen (2001) considered a situation
in which the parents were pure lines, and individuals
of the populations also consisted of pure lines (double
haploids or RIL). In such a set-up, dominance is
absent, and specific combining ability can be attrib-
uted solely to the presence of interacting genes. By
using molecular markers, they devised a statistical
procedure to test whether additive QTL effects of
parents behaved consistently over crosses. This
approach only requires a linear search of the genome.
Due to the absence of a dominance component, a
significant result would indicate the presence of
epistatic QTL. Jannink (2007, 2008) discuss an
approach in which statistical interactions of marker
effects with genetic background are related to addi-
tive-by-additive epistatic effects in association
studies using a mixed model.
In the case we deal with outbreeding species a
significant result might still be due to dominance
rather than epistasis. This requires that loci which
show significant non-additivity in a linear search
should be further examined. As a consequence, the
linear search has to be followed by fitting models
involving dominance and epistatic terms for a
limited number of loci. In this study we limit the
search for interacting genes to the additive-by-
additive component. In populations of limited size it
will be very difficult to trace more complex forms
of non-additivity. However, it is possible to test
whether the within-parent part of additive 9 addi-
tive component of non-additivity is consistent over
crosses. A significant result of this test would imply
the existence of more complicated forms of
interaction.
The search for interacting genes does not only
consist of looking for statistically significant compo-
nents of non-additivity. The results of the statistical
analysis may assist the genetist in elucidating combi-
nations of parents that will produce populations that
can be used to estimate the parameters of the physi-
ological genetic model for epistasis. It will be clear at
this stage that such parents should be heterozygous at
interacting loci. Moreover, the number of individuals
in the population should be very large.
Following Haley et al. (1994), all statistical meth-
ods developed in this paper are based on regression
analysis. The computations are carried out in two-
steps: (1) prediction of QTL genotypes from marker
data, (2) regression analysis using the predictions of
QTL genotypes as regressors. See Knott (2005) for an
overview of regression based methods of QTL
analysis. A two-step approach is also used by George
et al. (2000) in a mixed-model analysis.
The models described in this paper have been
developed especially in the context of apple breeding
(Gianfranceschi and Soglio 2004; http://www.hidras.
unimi.it/index.html). Apple is a diploid outbreeding
species with a long juvenile period (5–7 years).
Apple varieties are propagated vegetatively by
grafting on rootstocks. As a consequence, a selected
genotype with favourable combinations of alleles at
several (interacting) loci can be maintained forever,
and be used as parent in new crosses. New popula-
tions, obtained by crossing are added year after year.
Many old varieties are still kept in orchards, and used
as parent in breeding programs.
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In the statistical approach described in this paper
each parent is considered as a separate entity having
two alleles at each locus. These alleles are considered
to be specific to parents, i.e. the total number of
alleles is equal to twice the number of parents.
Usually, statistical approaches described in the liter-
ature use bi-allelic models. The markers that are used
are essentially multi-allelic (microsatellites). Up to
four marker alleles may be segregating at each locus;
in some cases markers carry so-called null alleles
which may lead to loss of information.
In ‘‘Model and methods’’ a physiological genetic
model and a statistical genetic model will be
developed. The physiological genetic model that will
be considered is the complementary effects model
(Allard 1960). In this paper, it will be assumed that
for each gene affecting the trait two different alleles
are present; however, the limitation to two alleles is
not essential. In ‘‘Application’’, the methods will be
applied to simulated data which involve two inter-
acting genes on two different linkage groups as well
as one singly ‘operating’ gene, that is located on the
same linkage group as one the interacting genes.
Simulated data are used to show how the method
works if genes, interacting as well as non-interacting
genes, affecting the trait are really present. The set of
crosses concerned is similar to one that is used in the
EC funded Hidras project on apple (Malus domestica
L.) (Gianfranceschi and Soglio 2004; http://www.
hidras.unimi.it/index.html). The advantages of using
pedigreed plants populations have been described by
Jannink et al. (2001) and Bink et al. (2002).
Model and methods
Preliminaries
Cheverud and Routman (1995) distinguish between
physiological genetics and statistical genetics. Phys-
iological genetics investigates relationships between
genotypic means and corresponding genotypes. Sta-
tistical genetics investigates properties of populations
of individuals. Cheverud and Routman note that
physiological genetic interaction between genes may
not only contribute to statistical genetic interaction
effects but also to statistical genetic additive and
dominance effects. This will be illustrated in the
following sections.
Physiological genetics
In this section, we consider a situation in which two
loci affect a trait. It will be assumed that two alleles
may occur at each of the two loci in the group of
individuals under study; the alleles will be indicated
by the numbers 1 and 2. It will be assumed that in the
heterozygotes the order of the alleles (i.e. whether
allele 1 has been obtained from the mother and allele 2
from the father, or vice versa) does not affect the
genotypic mean. As a consequence, nine different
genotypes may occur. The genotypic means are
shown in Table 1. For example, l12;22 denotes the
genotypic mean if at locus 1 single copies of allele 1
and 2 are present, and at locus 2 two copies of allele 2.
The nine genotypic means can be arranged (row by
row) in a 9 9 1 vector l. This vector of genotypic
means can be written as a linear function of a grand
mean and eight linear contrasts, l ¼ Xh; in which
X ¼
1 1 1 1 1 1 1 1 1
1 1 0 1 2 0 2 0 2
1 1 1 1 1 1 1 1 1
1 0 1 2 1 0 0 2 2
1 0 0 2 2 0 0 0 4
1 0 1 2 1 0 0 2 2
1 1 1 1 1 1 1 1 1
1 1 0 1 2 0 2 0 2
1 1 1 1 1 1 1 1 1
2
6666666666664
3
7777777777775
and h¼
l
a1
a2
d1
d2
aa12
ad12
ad21
dd12
0
BBBBBBBBBBBBBBBB@
1
CCCCCCCCCCCCCCCCA

The linear contrasts in h are the additive effects at
locus 1 (a1) and locus 2 (a2), the dominance effects at
locus 1 (d1) and locus 2 (d2), the additive–additive
interaction component (aa12), the additive–domi-
nance interaction components (ad12 and ad21) and
the dominance–dominance interaction component
(dd12). The elements of h can be obtained from h¼
L1Xtl; in which L = XtX = diag(9,6,6,18,18,4,
12,12,36). In the next section a typical physiological
genetic model will be considered.
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Complementary gene effects
Genotypic means for the physiological genetic model
called complementary gene effects are given in
Table 2. At each locus, one of the alleles is
completely dominant over the other allele; the
combinations of alleles in which the dominant allele
is present at both loci are completely dominant over
the other combinations. This model could reflect the
situation of two critical successive steps in a
biochemical pathway. The model was named ‘‘com-
plementary gene effects’’ by Allard (1960, p. 100). In
this example, the genotypic mean is equal to zero if at
one locus or at both loci the genotype is 22 and the
genotypic mean is equal to 9k if this is not the case; k
is some positive constant, the multiplier 9 is only
used to keep values of contrasts reasonably simple. In
this case, the value of h is equal to h ¼ k 4;3;ð
3;1;1; 9
4
; 3
4
; 3
4
; 1
4
Þt:
Statistical genetics
In this case, a population will be defined as the
offspring of two parents, i and j, say. For two loci,
each offspring individual can be characterized by one
of 16 possible inheritance states. Information about
the inheritance state of offspring individuals will be
obtained from marker data. The mean values associ-
ated with the inheritance states are given in Table 3.
It should be noticed that no information is available
about the genotypes of the parents at the two loci. For
example, m12;22 represents the mean value for an
offspring individual that at locus 1 obtained the allele
on homolog 1 of parent i and the allele on homolog 2
of parent j, and at locus 2 obtained the allele on
homolog 2 of parent i and the allele on homolog 2 of
parent j.
The elements of Table 3 can be arranged (row
after row) into a 16 9 1 vector mij. The vector mij
can be written as a linear function of a grand mean
and 15 linear contrasts, mij ¼ Bcij; in which
B ¼
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
2
666666666666666666666664
3
777777777777777777777775
cij ¼
mij
aiðjÞ;
ajðiÞ;
a;iðjÞ
a;jðiÞ
dij;
d;ij
aaiðjÞ;iðjÞ
aajðiÞ;jðiÞ
aai;j
aaj;i
adi;ij
adj;ij
daij;i
daij;j
ddij;ij
0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@
1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA
Table 1 Genotypic means associated with the genotypes that
occur in the case two loci with each two alleles affect a trait
Locus 1 Locus 2
11 12 22
11 l11;11 l11;12 l11;22
12 l12;11 l12;12 l12;22
22 l22;11 l22;12 l22;22
134 Euphytica (2009) 166:131–144
123
in which ai(j);* (aj(i);*, a*,i(j), a*;j(i)) represents the
additive effect of parent i (j, i, j) at locus 1 (1, 2, 2) in
the cross with parent j (i, j, i); dij;** (d**;ij) represents
the dominance effect at locus 1 (2) for the combina-
tion of parents i and j; aai(j);i(j) (aaj(i);j(i)) represents
the parallel additive-by-additive effect of parent i (j)
in combination with parent j (i), aai;j and aaj;i
represent cross-parent additive-by-additive effects,
adi;ij, adj;ij, adij;i and adij;j represent additive-by-
dominance effects and ddij;ij represents the domi-
nance-by-dominance effect. The value of c can be
obtained from cij ¼ 116 Btmij:
We may write
cij¼
mij
aiðjÞ;
ajðiÞ;
a;iðjÞ
a;jðiÞ
dij;
d;ij
aaiðjÞ;iðjÞ
aajðiÞ;jðiÞ
aai;j
aaj;i
adi;ij
adj;ij
daij;i
daij;j
ddij;ij
0
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB@
1
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCA
¼
mþgi þgj þsij
ai; þti jð Þ;
aj; þtj ið Þ;
a;i þt;iðjÞ
a;j þt;jðiÞ
dij;
d;ij
aai;i þuiðjÞ;iðjÞ
aaj;j þujðiÞ;jðiÞ
aai;j
aaj;i
adi;ij
adj;ij
daij;i
daij;j
ddij;ij
0
BBBBBBBBBBBBBBBBBBBBBBBBBB@
1
CCCCCCCCCCCCCCCCCCCCCCCCCCA
in which m represents a grand mean, gi (gj) represent
the general combining ability of parent i (j) and sij
represents the specific combining ability of the
combination of parents i and j. Furthermore, ai;*
(aj);*, a*,i, a*;j) represents the general part of additive
effect of parent i (j, i, j) at locus 1 (1, 2, 2) and ti(j);*
(tj(i);*, t*,i(j), t*;j(i)) represents the specific part of the
additive effect of parent i (j, i, j) at locus 1 (1, 2, 2) in
the cross with parent j (i, j, i). Finally, aai;i (aaj;j)
represents the general part of the parallel additive-by-
additive effect of parent i (j) and ui(j);i(j) (uj(i);j(i))
represents the specific part of the parallel additive-by-
additive effect of parent i (j) in combination with
parent j (i).
Segregation types
For the parents, the segregation types at two loci
(separated by a ‘/’) are written as Q11Q12 9 Q21Q22/
Q11Q12 9 Q21Q22, in which Qph is the QTL allele of
parent p (= 1, 2) on homolog h (= 1, 2). As a
consequence, 256 different segregation types may be
encountered. As an example, the parameters of the
statistical genetic model will be calculated for a
number of segregation types in the case of the
complementary effects model. Results are shown in
Table 4.
The following can be observed from Table 4. For
segregation type 11 9 22/11 9 22, the first parent
has genotypic mean 9k, the second parent has
genotypic mean 0 and all offspring have genotypic
mean 0. For segregation type 11 9 11/22 9 22, both
parents have genotypic mean 0, whereas all offspring
have genotype 9k. Both outcomes are a clear
indication of non-additivity.
The presence of non-zero additive effects not only
requires segregation, but also variation in the geno-
typic values in the offspring population. This is not
the case for the first two segregation types. However,
in the case of interaction, additive effects of parents
may vary from one cross to the other (Jannink and
Jansen 2001). Segregation types 11 9 12/12 9 22
Table 2 Genotypic means for the physiological genetic model
called complementary gene effects
Locus 1 Locus 2
11 12 22 Mean
11 9k 9k 0 6k
12 9k 9k 0 6k
22 0 0 0 0
Mean 6k 6k 0 4k
Table 3 Mean values associated with the 16 inheritance states
Inheritance state
Locus 1 Locus 2
11 12 21 22
11 m11;11 m11;12 m11;21 m11;22
12 m12;11 m12;12 m12;21 m12;22
21 m21;11 m21;12 m21;21 m21;22
22 m22;11 m22;12 m22;21 m22;22
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and 12 9 12/12 9 22 may be considered as belong-
ing to crosses with the second parent j as common
parent with genotypic mean 0. In this case, at locus 1
the additive effect of the second parent changes from
0 in the first cross to 9
8
k in the second cross.
Segregation types 12 9 12/12 9 22 and 12 9 12/
12 9 12 may be considered as belonging to crosses
with the first parent i as common parent with
genotypic mean 9k. Now, at the first locus the
additive effect of the first parent changes from 9
8
k in
the first cross to 27
16
k in the second cross. At the
second locus the additive effect of the first parent
changes from 27
8
k in the first cross to 27
16
k in the
second cross. Differences in additive effects of
parents between crosses are an indication of interac-
tion. Dominance can only be found in crosses in
which both parents are segregating at one or both
loci.
The additive 9 additive part of non-additivity can
be split into two parts: aai(j);i(j) (aaj(i):j(i)) measures the
difference in additive effects between locus 1 and 2 for
parent i (j) in combination with parent j (i); aai; j (aaj; i)
measures the difference between the additive effect of
parent i (j) at locus 1 and the additive effect of parent j
(i) at locus 2. The first component can be split into a
general component for parent i (j) over all crosses
involving parent i (j) and into a specific component.
The latter component is always specific to the com-
bination of parents i and j. The first term can be used in
the search for evidence of even more complex forms of
non-additivity than the additive-by-additive compo-
nent. For example, for the segregation types 12 9 12/
12 9 22 and 12 9 12/12 9 12 (in which the first
parent i may be considered as the common parent), the
values of aai;i are 98k and
9
16
k; respectively. This is an
indication that the interaction has a more complicated
form than additive 9 additive.
It is clear from Table 4 that the information that
we will obtain from the data about the complexity of
the physiological genetic model depends very much
on the combinations of parents that have been used
for the making crosses.
Inheritance states
With regard to two loci, the expectation of the
observation on offspring individual k from the cross
between parents i and j may be written as
xijk ¼ pijk tmij ¼ pijk tBcij;
in which pijk is a 16 9 1 vector containing predic-
tions of inheritance states arranged in the same way
as the elements of mij. For example, p
ijk
12;21 is the
probability that given all marker data, at locus 1
Table 4 Values of the
parameters of the statistical
genetic model (shown as
multipliers of k) for a
number of segregation types
in the case of the
complementary effects
model
Parameter Segregation type
11 9 22/
11 9 22
11 9 11/
22 9 22
11 9 12/
12 9 22
12 9 12/
12 9 22
12 9 12/
12 9 12
mij 9 0 92
27
8
81
16
ai(j);* 0 0 0 98 2716
aj(i);* 0 0 0 98 2716
a*;i(j) 0 0 92 278 2716
a*;j(i) 0 0 0 0 2716
dij;** 0 0 0 98 2716
d**;ij 0 0 0 0 2716
aai(j);i(j) 0 0 0 98
9
16
aaj(i);j(i) 0 0 0 0 916
aai;j 0 0 0 0 916
aaj;i 0 0 0 98
9
16
adi;ij 0 0 0 0 916
adj;ij 0 0 0 0 916
daij;i 0 0 0 98
9
16
daij;j 0 0 0 0 916
ddij;ij 0 0 0 0 916
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individual k obtained a copy of the allele on homolog
1 of parent i and a copy of the allele on the homolog 2
of parent j; on locus 2 it obtained a copy of the allele
on homolog 2 of parent i and a copy of the allele on
the homolog 1 of parent j.
At this stage, we will use a vector ~p rather than p.
If it is assumed that inheritance states are condition-
ally independent given all available marker data,
values of the elements of ~p can be obtained using the
multiplication rule. For example,
~pijk12;21 ¼ pki; 1  pkj;
 
1  pk;i
 
pk;j;
in which pki; (p
k
j;;p
k
;i p
k
;jÞ denotes the conditional
marginal probability that given all available marker
data that on locus 1 (1, 2, 2) individual k obtained a
copy of the allele on homolog 1 of parent i (j, i, j). For
the calculation of predictions of inheritance states use
was made of FlexQTL (Bink 2005; http://www.bio
metris.nl/uk/Software/FlexQTL/). Predictions can
also be obtained using Loki (Heath 1997; http://loki.
homeunix.net/). In the above approach variances and
covariances due to errors in prediction are assumed to
be absent (see e.g. Xu 1995). The variances and
covariances are small if the density of informative
markers is fairly high (*10 cM). Using the above it
can be derived that
xijk ¼ mij þ qki;ai jð Þ; þ qkj;ajðiÞ; þ qk;ia;iðjÞ
þ qk;ja;jðiÞ þ qki;qkj;dij; þ qk;iqk;jd;ij
þ qki;qk;iaaiðjÞ;iðjÞ þ qkj;qk;jaajðiÞ;jðiÞ
þ qki;qk;jaai;j þ qkj;qk;iaaj;i
þ qki;qk;iqk;jadi;ij þ qkj;qk;iqk;jadj;ij
þ qki;qkj;qk;idaij;i þ qki;qkj;qk;jdaij;j
þ qki;qkj;qk;iqk;jddij;ij
in which qki; ðqkj;;qk;i;qk;jÞ = 1 - 2pki;
ðpkj;;pk;i;pk;jÞ: As a consequence, estimates of the
parameters of the statistical genetic model can be
obtained using linear regression on predictions of
inheritance states or products of these predictions (cf.
Haley et al. 1994).
Approach
The first part of the approach follows the following
steps:
1. Decomposition of the observations into general
combining abilities (GCA) of parent individuals,
specific combining abilities (SCA) of combina-
tions of parent individuals and residual effects.
Statistical significance of specific combining
abilities indicates the presence of non-additivity
(dominance or epistatic effects).
2. Genome-wide linear search of positions that are
acting additively.
In this paper a simple, forward selection
approach is used. Other approaches, such as
backward elimination or penalised regression
(Boer et al. 2002), will not be discussed at this
stage. Additive effects are decomposed into
general additive effects of parents and specific
effects for combinations of parents. Positions for
which specific effects are statistically significant
are subject to intra-locus or inter-locus non-
additivity. Only, these positions will be investi-
gated further in Steps 3 and 4.
3. Analysis of intra-locus non-additivity of posi-
tions showing non-additivity in Step 2.
4. Analysis of inter-locus non-additivity of positions
showing non-additivity in Step 2. This step will
be limited to the additive 9 additive component
of inter-locus non-additivity. For each cross, the
four degrees of freedom of the additive 9 addi-
tive component of non-additivity can be divided
into a part related to the parameters aai(j);i(j) and
aaj(i):j(i), and a part related to the parameters aai;j
and aaj;i. Over all crosses, parts (a) and (b) of the
additive 9 additive component of non-additivity
will be decomposed into (1) a general component
that can be attributed to parents (with number of
degrees of freedom equal to the number of
parents), and (2) a specific component that can
be attributed to combinations of parents (with
number of degrees of freedom equal to twice the
number of crosses minus the number of parents).
Statistical significance of component (2) would
indicate the presence of more complicated forms
of non-additivity than the additive 9 additive
form. Part (c) is always specific to parent
combinations.
The second part of the approach starts with
identifying parents that are segregating at interacting
loci (and preferably non-segregating at other loci). If
such parents are present a large population of several
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hundred individuals can be made by crossing these
parents. This population will be used to validate the
findings of the first part of the approach and for
fitting/estimating a physiological-genetic model.
Calculations
The statistical analysis can be carried in the form of
multiple linear regression and analysis of variance.
Calculations were carried out using Genstat (Genstat
Committee, 2006). A part of the results will be
provided in the form of P-values or minus their
logarithms to the base 10. In this paper results of
statistical tests will be declared significant if the P-
value is smaller than 0.001 (-10log(0.001) = 3).
Application
Data simulation
The data concern 24 crosses involving 15 parents
according to the scheme presented in Table 5.
Although in practice the parents may be related by
pedigree, it is assumed that the parents are unrelated.
In this application, we assume that the individuals of
the species concerned are hermaphrodite, so that
parents can be used as mother and as father. Two
linkage groups of each 100 cM will be considered.
On linkage group I two QTL are present: QTL A at
25 cM and QTL B at 75 cM; on linkage group II one
QTL is present: QTL C at 50 cM. QTL A and C are
interacting in the way described in ‘‘Model and
methods’’; QTL B is additive.
It is assumed that the parents are randomly sampled
from a base population in which for each of the three
QTL, two alleles (denoted by 1 and 2) are present. For
each of the QTL, the two alleles occur with a
frequency of 0.5 in the base population. It is assumed
that the base population is in Hardy–Weinberg and in
linkage equilibrium. For locus A, B and C the
genotypes at the QTL are shown in Table 6.
For each cross, genotypes of 50 offspring were
obtained. Depending on the QTL genotypes of the
parents, the offspring individuals may have QTL
genotypes 11, 12, 21 or 22. Trait observations Y were
obtained using the formula
Y ¼ 0  ðQA  22 OR QC  22Þ
þ 5  ðQA 2 ð11; 12; 21ÞAND QC 2 ð11; 12; 21ÞÞ
þ 1  ððQB  22Þ  ðQB  11ÞÞ þ rE
in which QA, QB and QC denote the QTL genotype at
QTL A, B and C, respectively; r denotes the square
root of the error variance and E denotes a standard
normal random variate. In this application, r has been
set equal 1. The genotypic means for the parents are
also shown in Table 6.
Table 5 Crossing schema
‘‘?’’ indicates the presence
of the cross
Mother Father
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 ? ? ?
2 ?
3 ? ? ?
4
5 ? ?
6 ?
7 ? ?
8 ? ? ?
9 ? ?
10
11 ?
12 ?
13 ? ?
14 ?
15 ? ?
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On both linkage groups markers were positioned at
0, 10, 20… 100 cM. For the parents, marker data
were obtained using the assumptions of Hardy–
Weinberg and linkage equilibrium. For all markers
the number of alleles was set equal to five. The
phases of markers in the parents have been assumed
to be known.
Analysis
Step 1 Table 7 shows the analysis of variance
corresponding with the classical decomposition into
general and specific combining abilities. From
Table 7 it may be concluded that only 7.1% of the
differences between population means can be attrib-
uted to specific combining abilities, whereas 92.9%
are attributed to general combining abilities. The
fact that specific combining abilities are present
(P \ 0.001) indicates the presence of physiological
genetic interaction, i.e. dominance or epistatic effects.
In Fig. 1 the population variances have been plotted
against the corresponding means. Figure 1 shows that
the variance is not constant. The smallest variances
are obtained in populations with either a small mean
or a large mean. In general, populations with
‘average’ means have much larger variances. Parent
9 is a parent of populations 2, 16 and 24 (small mean/
small variance), 17 (average mean/large variance)
and 13 (large mean/small variance).
Table 6 Genotypes at the three QTL
Parent Genotype Genotypic mean
A B C
1 22 11 12 -1
2 11 21 22 0
3 11 22 12 6
4 11 11 11 4
5 12 21 12 5
6 21 21 11 5
7 12 22 21 6
8 11 12 22 0
9 22 12 11 0
10 22 12 11 0
11 12 12 21 5
12 22 12 12 0
13 22 12 12 0
14 11 12 12 5
15 22 11 22 -1
Table 7 Summary analysis of variance
Step Source of variation Df Sum of squares Mean square F value P value
1 GCA 14 4,155 296.8 61.69 \0.001
SCA 9 316 35.1 7.30 \0.001
Residual 1 1,176 5,658 4.8
2 Lg I-25 cM common 15 838.7 55.9 24.43 \0.001
Lg I-25 cM specific 33 401 12.2 5.31 \0.001
Lg I-75 cM common 15 308 20.5 8.96 \0.001
Lg I-75 cM specific 33 66 2.0 0.88 0.666
Lg II-50 cM common 15 806 53.7 23.49 \0.001
Lg II-50 cM specific 33 618 18.7 8.18 \0.001
Residual 2 1,032 2,362 2.3
3 Lg I-25 cM dominance 23 64 2.8 1.38 0.111
Lg II-50 cM dominance 23 304 13.2 6.54 \0.001
Residual 3 986 1,989 2.0
4 Lg I-25 cM 9 Lg II 50 cM within-common 15 92 6.1 3.26 \0.001
Lg I-25 cM 9 Lg II 50 cM within-specific 33 64 1.9 1.04 0.411
Lg I-25 cM 9 Lg II 50 cM across 48 164 3.4 1.83 \0.001
Residual 4 890 1668 1.9
Total 1,199 10,129 8.4
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Conclusion 1 From the first step of the analysis
(decomposition of variation in GCA, SCA and
residual) it may be concluded that non-additive
effects play a role in the populations under study.
Step 2 For all 2,400 individuals predictions of
inheritance states were obtained for positions 0, 5,
10… 100 cM on both linkage groups. These predic-
tions will be used as regressors in the QTL analysis.
First, the analysis will concentrate on additive
effects. A QTL analysis can be carried out in each of
the populations separately. Thereby it is ignored that
parents are used more than once. Figure 2a, b shows
the P-values (shown as -10log(P-value)) for testing
the absence of additive effects versus the position on
the linkage groups. At each position 48 (= 24 9 2)
additive effects are estimated. The highest peaks
occur on linkage group I around 25 cM and on
linkage group II around 50 cM. The corresponding
P-values are extremely small indicating very signif-
icant additive effects. On linkage group I, much
smaller peaks occur in some populations around
75 cM. However, in most of the populations no sign
of a significant additive effect is found. If it supposed
that QTL are present on linkage group I at 25 cM and
on linkage group II at 50 cM, the peaks near 75 cM
on linkage group I remain present (Fig. 2c, d).
Conclusion 2 The data indicate the presence of
three QTL.
Figure 3a, b show the P-values associated with
the null hypothesis that additive QTL effects of a
parent are constant and do not depend on the other
parent used in a cross. Now, at each position 15
additive effects are estimated, which leaves 33
degrees of freedom for testing the interaction of
additive effects with genetic background. Figure 3a,
b shows that the QTL at position 25 cM on linkage
group I and the QTL at position 50 cM on linkage
group II are subject to interaction of additive effects
with genetic background. This may either be intra-
locus interaction or inter-locus interaction. Fig-
ure 3c, d shows that for the QTL at 75 cM on
linkage group I not a trace of interaction of additive
effect with genetic background can be found. On the
basis of this information, this QTL will be consid-
ered as additive.
Conclusion 3 The QTL at position 25 cM on
linkage group I and the QTL at position 50 cM on
linkage group II are involved in interaction; the QTL
at position 75 cM on linkage group I must be
considered as additive.
Step 3 Starting from a model which accounts for the
conclusions of Step 2. the presence of intra-locus
non-additivity was tested for the QTL at position
25 cM on linkage group I and the QTL at position
50 cM on linkage group II (Table 7, Step 3).
Conclusion 4 The QTL at 50 cM on linkage group
2 is subject to intra-locus non-additivity.
Step 4 Starting from a model which accounts for the
conclusions of Step 3 the presence of inter-locus non-
additivity will be investigated (Table 7, Step 4). The
results shown in Table 7 indicate that the cross-
specific component of the within-individual part of
the additive-by-additive component of non-additivity
is by far not significant.
Conclusion 5 The QTL at 25 cM on linkage group I
and the QTL at 50 cM on linkage group II show
inter-locus non-additivity of the additive 9 additive
form. The results do not indicate the presence of more
complex forms of additivity.
Parents with segregating QTL
Figure 4 shows the t-values for the cross-specific
additive effects of parents for position 25 cM on
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linkage group I and position 50 cM on linkage group
II. The solid lines represent significance thresholds
for the t-test (here taken as ±2). It follows from
Fig. 4, that parents 5 and 11 show significant additive
effects in at least one cross. This figure also shows in
a clear way the interaction of additive effects and
genetic background. A majority of estimated additive
effects is significant at neither of the two loci
considered.
Conclusion 6 A cross between parents 5 and 11
should be made in order to confirm the results of the
current analysis and to investigate the interlocus non-
additivity at the two QTL in more detail.
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Fig. 2 a, b P-values (shown as -10log(P-value)) for testing
the absence of additive effects versus the position on linkage
groups I and II, respectively. c, d P-values (shown as
-10log(P-value)) for testing the absence of additive effects
versus the position on linkage group I and II, respectively, if
QTL are assumed at 25 cM on linkage group I and at 50 cM on
linkage group II. Different lines refer to different populations
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Discussion
The methods described in this paper enable geneticists
and plant breeders working with outbreeding species
to identify loci involved in epistatic interactions. In
order to identify the presence of interacting loci a
simple ‘‘top-down’’ approach is followed to identify
the presence of epistatic QTL. As expected, going
from ‘‘top’’ to ‘‘bottom’’ the law of diminishing
returns holds, i.e. the statistical significance (as
expressed by the P value) diminishes rapidly with
the increasing complexity of effects. In a genetical
study like the one discussed in this paper and using the
available data, it is not possible to model all aspects of
physiological genetic epistasis. The initial aim must
be limited to identification of interacting loci and to
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Fig. 3 a, b P-values (shown as -10log(P-value)) for testing
the absence of interaction between additive effects and genetic
background versus the position on linkage groups I and II,
respectively. c P-values (shown as -10log(P-value)) for testing
the absence of interaction between additive effects and genetic
background versus the position on linkage groups I and II,
respectively, if QTL are assumed at 25 cM on linkage group I
and at 50 cM on linkage group II
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identification of combinations of parent individuals
that can provide information about all aspects of the
underlying physiological epistatic model.
In the current paper it is assumed that the parents
are genetically independent. However, the approach
can be extended to allow a pedigree on top of the
parents. This would require a matrix of transition
probabilities from alleles of the founders of the
pedigree to parental alleles. These transition proba-
bilities can be obtained by using FlexQTL (Bink
2005; http://www.biometris.nl/uk/Software/FlexQTL/)
or Loki (Heath 1997; http://loki.homeunix.net/). If
the number of founder alleles is greater than the
number of parental alleles the pedigree will work as a
sieve: some alleles pass through, other alleles stay
behind. The problems of overparameterization are
easily dealt with in a statistical computer package like
Genstat (Genstat Committee, 2006).
In the application a biallelic QTL model is used
for generating the data. However, the model that is
used for analyzing the data does not require assump-
tions about the number of QTL alleles. In every cross
the number of QTL alleles is equal to the total
number of inheritance states, which is equal to four in
diploid species. The model allows effects of parental
alleles to be cross-specific. Allelic effects may also be
restricted to be identical over crosses. This allows the
testing of hypotheses concerning the presence of
QTL 9 genetic background interaction in a simple
way.
In comparatively simple QTL studies involving a
single cross between two parents significance thresh-
olds have been obtained in various ways. Churchill
and Doerge (1994) used a permutation test and
Van Ooijen (1999) used simulation to obtain signif-
icance thresholds. In this paper results of statistical
tests have been declared significant if the P-value
is smaller than 0.001 (-10log(0.001) = 3). The
P-values presented in Table 7 are obtained for the
final multiple linear regression model, and ignore
the fact that this model is obtained after many steps of
selection. Further studies are needed to determine the
true frequency of false positives.
Yi et al. (2003) used 300 individuals in their
Bayesian analysis of interaction effects in back-cross
populations derived from inbred lines. For a pair of
loci a back-cross involves four (= 2 9 2) possible
inheritance states. If the predictions of the inheritance
states can be made without error, this leads to an
average of 75 individuals per inheritance state
(standard error of a mean = 0.12r). In the case of
one full-sib family of an outbreeding species the
analysis of interaction for two loci involves 16
possible inheritance states. This leads to some 18
individuals per inheritance state (standard error of a
mean = 0.24r). As a consequence, analysis of inter-
action effects in a full-sib family of an outbreeding
species would require twice as many individuals in
order to obtain the same level of precision as
analysis of an inbreeding species. Also, interpretating
a 2 9 2 table (back-cross) is much simpler than
interpreting a 4 9 4 table (full-sib family of out-
breeding species), even if the number of QTL alleles
is limited to two.
The percentage of the total genetic variance
attributed to interactions will usually be small. This
is due to the fact that in the statistical analysis a large
part of the contributions of functional epistasis to
genetic variation will be attributed to additive effects.
Therefore, these small percentages may misleading
with regard to the biological importance of the effects
of functional epistasis on phenotypic values. In
vegetatively propagated crops, it is important to
detect epistatic genes, because favourable combina-
tions of alleles that are combined in one genotype can
be maintained forever and can be exploited in the
development of new varieties.
A great advantage of the method described in this
paper is that it can be applied to data obtained from
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populations of ongoing breeding programs (cf. Jann-
ink et al. 2001). Initially, no special populations have
to be created. A full analysis of interaction can be
deferred until real evidence of interaction has been
found in the form of QTL 9 genetic background
interaction, and also parents that are heterozygous at
epistatic loci have been identified. A further advan-
tage of the current method is that it only requires
linear searches of the genome. The power of the
method may be further increased by using more
sophisticated techniques like penalized regression
(Boer et al. 2002).
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